
Expert-level Leaf Cell Layout Generation 

via Preference-Optimized LLM

1. Introduction: Leaf Cell Layout Design

Leaf cells are the basic units in the filed of integrated circuits. Each leaf cell serves 

as a fundamental blocks that are widely reused in various VLSI designs.
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2. Supervised Leaf Cell Layout Representation

4. Specialized LLM-based Layout Generation

Existing Limitations:

• Still heavily depend on layout engineers.

• Without considering design experience, the results are always unreasonable 

or even unusable.

• Users cannot intervene the placement process through natural languages.

Comparison between our proposed GenLeaf and the 

traditional manual design method for leaf cell layout

Core Contributions:

• A performance-aware 

representation learning method 

is proposed to represent layouts.

• A BO-based data preparation 

pipeline is developed to convert 

expert layouts into scripts.

• A two-stage specialization 

strategy involving SFT and GRPO 

is proposed to allow LLM to learn 

tacit design knowledge.

Supervised leaf cell layout representation pipeline, PnR features are processed separately.

Placement: We propose a placement heterogeneous graph (PHG) to model spatial 

and connection relationships between cells.

Routing: Since the design scales of leaf cell layouts are significantly smaller than 

conventional VLSI designs, we can perform representation more detailly. The 

routing results are treated as images.

GenLeaf performs representation learning for two objectives: 1) Let the 

embeddings of cells with similar topology closer. 2) Let the embedding of cells with 

better performance far from those with poor performance. Therefore, we propose a 

supervised pipeline with the following objective:

where m is a vector includes track usage, wirelength, and via count of the leaf cells.

In physical designs, since LLM cannot fully understand the positional and rotational 

relationship between cells, GenLeaf formulate the layout generation task into a 

code generation task to enhance the overall performance.

However, all the industrial data is just layout, without any corresponding scripts or 

APIs. To address this problem, we utilize several PnR APIs and propose a 

Bayesian Optimization (BO)-based layout-script mapping scheme.

The BO-based layout-script mapping scheme

Objective:

Variables:

Metrics: Track usage, 
wirelength, via count

Similarity from the 
representation model

Placement permutations 
after Lehmer coding

The orientation of cells

The LLM specialization process of GenLeaf, including SFT and GRPO

Since we transform the leaf cell physical design into a code generation task, it is 

vital to enhance the generative quality of GenLeaf. To address this problem, we 

utilize a two-stage specialization, including SFT and GRPO to train the LLM agent.

SFT is to enable GenLeaf to gain a basic understanding of the calling order and 

methods of relevant PnR APIs, and to refer to the golden scripts generated from 

the golden layouts.

where 𝑧𝑖,𝑗 is the logit of the i-th token, and 𝑧𝑖,𝑦𝑖
is the 

corresponding logit from the ground truth script. 

After SFT, GRPO is based on the fine-tuned LLM and further improves the 

performance by aligning with expert preferences. We customize the advantage to 

achieve a performance-driven policy optimization.

In the first three terms, 𝜇 and 𝜎 represent the average value and standard deviation of the 

three physical metrics, respectively. And the last term is the similarity between the embedding 

𝑒𝑗 of the LLM-generated layout and the corresponding golden layout's embedding 𝑒𝑗
𝑔
. 

Case study of GenLeaf, which generates scripts to design leaf cell layouts

The input is the user query, PnR APIs, design guidelines, and the information 

about the cells and netlist of the leaf cell to be designed. Then, GenLeaf 

inferences and generates Python scripts for leaf cell PnR design. With the help of 

the PnR engine, this code can be executed and output the whole leaf cell layout.

6. Experimental Results
We design a prediction task as a 

downstream task. The track usage, 

via count, and wirelength form a 

vector of elements to be predicted.

The results demonstrate the 

effectiveness of the representation.
Error comparison between GenLeaf and other baselines

Performance comparison between GenLeaf and Golden Designs

We compare the performance 

between Golden Designs in 

Huawei and our GenLeaf.

It is notable that our GenLeaf

achieved performance close to 

Golden in wirelength and Via usage 

and significantly outperformed 

Golden in Track usage.

The results demonstrate that 

GenLeaf can beat the engineers.

Performance comparison of layout generation between GenLeaf and MILP + CRouter.

The reason why GenLeaf is overall superior to the traditional method is that it 

can learn from the design experience of experts, and explore possible better 

solutions through the SFT and GRPO stages.

We also compare the traditional 

optimization method (MILP + 

Channel Routing) and GenLeaf. 
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